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ABSTRACT: Harsh tropical environments impose 
serious challenges on poorly adapted species. In beef 
cattle, tropical adaptation in the form of temperature 
and disease resistance, coupled with acclimatization to 
seasonal and limited forage, comes at a cost to produc-
tion efficiency. Prominent among these costs is delayed 
onset of puberty, a challenging phenotype to manipu-
late through traditional breeding mechanisms. Recent-
ly, system biology approaches, including gene networks, 
have been applied to the genetic dissection of complex 
phenotypes. We aimed at developing and studying gene 
networks underlying cattle puberty. Our starting mate-
rial comprises the association results of ~50,000 SNP 
on 22 traits, including age at puberty, and 2 cattle 
breed populations: Brahman (n = 843) and Tropical 
Composite (n = 866). We defined age at puberty as 
the age at first corpus luteum (AGECL). By captur-
ing the genes harboring mutations minimally associ-
ated (P < 0.05) to AGECL or to a set of traits related 
with AGECL, we derived a gene network for each breed 
separately and a third network for the combined data 
set. At the intersection of the 3 networks, we identified 
candidate genes and pathways that were common to 
both breeds. Resulting from these analyses, we identi-
fied an enrichment of genes involved in axon guidance, 
cell adhesion, ErbB signaling, and glutamate activity, 
pathways that are known to affect pulsatile release of 
GnRH, which is necessary for the onset of puberty. Fur-
thermore, we employed network connectivity and cen-
trality parameters along with a regulatory impact fac-
tor metric to identify the key transcription factors (TF) 
responsible for the molecular regulation of puberty. As 
a novel finding, we report 5 TF (HIVEP3, TOX, EYA1, 
NCOA2, and ZFHX4) located in the network intersect-
ing both breeds and interacting with other TF, forming 
a regulatory network that harmonizes with the recent 
literature of puberty. Finally, we support our network 
predictions with evidence derived from gene expression 
in hypothalamic tissue of adult cows.
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INTRODUCTION
Heifers that mature early are younger at first calv-
ing and have shorter calving intervals (Luna-Nevarez 
et al., 2010). Early maturing heifers are desirable but 
less common in indicine cattle herds. Indicine cattle are 
reportedly older at puberty than their taurine counter-
parts (Chenoweth et al., 1996). A well-reported influ-
ence of indicine genetics on the subtropical and tropical 
beef industry is delayed puberty affecting profit (Abey-
gunawardena and Dematawewa, 2004). Yet, age of pu-
berty varies within indicine breeds, and its heritability 
(h2 ~0.5) allows for effective selection programs (John-
ston et al., 2009).
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The role of transcription factors (TF) in controlling 
puberty was proposed recently (Ojeda et al., 2010a). In-
teractions between TF are critical for tissue remodeling 
and temporal changes in gene expression (Ravasi et al., 
2010). In line with this recent literature, we developed a 
systems biology approach to build gene networks from 
SNP associations and applied it to puberty in Tropical 
Composite cattle (Fortes et al., 2010a).
In this study, we applied this approach to a new 
data set: Brahman cattle, measured for the same pu-
bertal traits studied in the Tropical Composite cattle. 
We then combined the data sets of the 2 breeds with 
the objective of characterizing similarities and differ-
ences between breeds. From the similarities, we built a 
gene network underlying puberty in tropical beef cattle. 
Also, the comparison between breeds allowed, for the 
first time, the use of a regulatory impact factor metric 
(RIF) that identified key TF in the network. We sup-
port these findings with the known biology of puberty 
and with the expression of those key TF in the hypo-
thalamus of cows.
MATERIALS AND METHODS
Animal Care and Use Committee approval was not 
required for this study because the data were obtained 
from existing phenotypic databases and DNA storage 
banks as described in the following section.
Animals, Traits, and Genotypes
Tropical Composite (n = 866) and Brahman (n = 
843) cows were from a previously described population 
(Burrow et al., 2003; Barwick et al., 2009a,b; Johnston 
et al., 2009; Prayaga et al., 2009). In short, Brahman 
cows are indicine, whereas Tropical Composite cows are 
50% nontropically adapted taurine and 50% tropically 
adapted breeds. The tropically adapted component was 
either indicine (Brahman) or taurine-adapted breeds, 
such as Africander and N’Dama. The nonadapted com-
ponent refers to breeds originated from continental Eu-
rope and Britain. Brahman and Tropical Composite 
breeds are typical of the Northern Australia beef indus-
try, where cows were bred and raised.
Traits were measured on 4 occasions: 1) when the 
mean age of cows was 18 mo (T1), 2) at the time of ob-
servation of the first corpus luteum (CL) by ultrasound 
examination, 3) when the mean age of cows was 24 mo 
(T2), and 4) after first calving. At T1, 8 traits were 
measured including BW (kg), hip height (cm), serum 
concentration of IGF-I (ng/mL), ADG (kg/d) estimat-
ed as individual animal regressions of BW on days for 
multiple BW recorded during the previous 6-mo period, 
BCS (score 1 to 10), scanned LM area (cm2), scanned 
fat depth at the P8 site (mm), and scanned fat depth 
measured between the last 2 ribs (mm). The first CL 
was detected by ovarian ultrasound examination car-
ried out regularly, every 4 to 6 wk. At first CL, 3 traits 
were recorded including the age of the cow (AGECL, 
d), BW (kg), and subcutaneous fat depth at the P8 
site (mm). Also, the presence or absence of a CL close 
to the first day of joining was assessed by ultrasound. 
Cows were joined for the first time as 2-yr-olds. At T2, 
the measurements taken at T1 were repeated. We con-
sider AGECL the main phenotype for time of puberty 
(Romano et al., 2007). However, all traits measured 
completed the developmental profile. A full description 
of these traits is published elsewhere (Barwick et al., 
2009a; Johnston et al., 2009). Importantly, cows that 
conceived on the first mating season and calved had 
another trait measured: postpartum anestrus interval 
(PPAI), or the interval in days between calving and 
first CL after calving (Johnston et al., 2010). A related 
binary phenotype, postpartum anestrus interval with 
respect to weaning time (PW), was also recorded. The 
trait PW was annotated as 0 if the first CL postcalving 
was detected before weaning and as 1 if it was detected 
only after weaning. Descriptive statistics and a brief 
description of all traits for both breeds are presented 
in Table 1.
For the genotyping, we extracted DNA from blood 
samples (5 mL) collected by venipuncture of a tail vein 
from more than 2,000 cows. The BovineSNP50 Bead 
Chip (Illumina 2008, Illumina Inc., San Diego, CA; Van 
Tassell et al., 2008; Matukumalli et al., 2009) was used 
to genotype the samples according to the manufactur-
er’s protocols. Family trios and repeat samples were 
included in the genotyping for quality assurance. We 
employed the Bead Studio software (Illumina, 2006) to 
determine the genotype calls. Cows with call rates in-
ferior to 98% were excluded, resulting in 866 Tropical 
Composite and 843 Brahman being retained for further 
analyses. The SNP with auto-calling rates less than 
85% and SNP with a minor allele frequency <0.01 were 
excluded from further analyses. These editing criteria 
resulted in 50,075 SNP being retained for association 
analyses in Tropical Composite and 49,863 SNP being 
retained for association analyses in Brahman.
Genome-Wide Association Studies
Genome-wide association studies (GWAS) were per-
formed for each of the 22 traits and separately for each 
breed. Genotype calls were coded as 0 for the homozy-
gote of the first alphabetical allele, 1 for the heterozy-
gote, and 2 for the homozygote of the second alphabeti-
cal allele. The effect of each SNP was estimated in turn 
using the following mixed model:
 y X Zu s eij jk ij= + + +β , [1]
where yij represents the vector of observations from the 
ith cow at the jth phenotype, X is the incidence matrix 
relating fixed effects in β with observation in yij, Z 
is the incidence matrix relating random additive poly-
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genic effects in u with observation in yij, sjk represents 
the additive association of the kth SNP on the jth phe-
notype, and eij is the vector of random residual effects.
Fixed effects included in the model were contempo-
rary group (i.e., group of heifers born in the same year 
and raised together), herd of origin, sex of calf, month 
of calving, age of the dam, and sire of calf. Polygenic 
effects were included to account for effects of family 
structure (Goddard and Hayes, 2009). Solutions to the 
effects in the model as well as variance components 
were estimated using the ASREML software (http://
www.vsni.co.uk/software/asreml/; VSN International 
Inc., Hemel Hempstead, UK).
The hypergeometric test (Mood et al., 1974) was used 
to verify if the number of associated SNP in common 
between GWAS of individual breeds could be the result 
of chance alone. The test was performed for the number 
of SNP associated with AGECL in 4 significance levels: 
0.05, 0.01, 0.001, and 0.0001.
Association Weight Matrix
The association results from GWAS were used to 
construct 3 association weight matrices (AWM): 1 
for each individual breed and 1 for the combined data 
set. The AWM methodology, in brief, involves select-
ing SNP from GWAS to generate a matrix with as 
many columns as traits and as many rows as selected 
SNP, and it has been detailed previously (Fortes et al., 
2010a). Four steps have been used to select SNP for 
inclusion in the AWM.
First, SNP were ranked according to the number of 
traits associated (P < 0.05) with them, regardless of 
genomic position. From this rank, the top 0.2% SNP 
were SNP associated with most traits (~50%). These 
top 0.2% SNP were included in AWM. In the Brahman 
data set, these were 72 SNP with a P < 0.05 in ≥13 
traits (out of a possible 22), whereas in the Tropical 
Composite data set these were 71 SNP with a P < 0.05 
in ≥10 traits. Selecting for association with most traits 
means these SNP were either associated directly with 
AGECL or with its related traits.
Second, we classified each SNP as close, far, very far, 
or unmapped according to its mapped distance from 
the nearest annotated gene (BTAU4.0 assembly, ftp://
ftp.hgsc.bcm.tmc.edu/pub/data/Btaurus/). The SNP 
considered close were located at ≤2.5 kb from the tran-
scription start site of a known gene (either 5′ or 3′). 
The SNP considered very far were ≥1.5 Mb distant 
from the nearest gene. Accordingly, any SNP to gene 
distance that fell between close and very far was an-
notated as far.
Third, the far or unmapped SNP that were not as-
sociated with most traits (as per first criterion) were 
discarded from further analysis. Then we continued to 
select from the close and very far groups only. Because 
puberty was the main phenotype of interest, all close 
and very far SNP with P < 0.05 for AGECL were se-
Table 1. Brief description, averages, and SD of all traits measured in Brahmans (BRAH; n = 843) and in Tropical 
Composites (TCOMP; n = 866) 
Time1 Trait Description BRAH TCOMP
T1 Age, d Mean age at T1 518.00 ± 54.80 555.00 ± 33.80
 ADG, kg/d ADG 0.61 ± 0.15 0.58 ± 0.14
 BCS, score 1 to 10 BCS 8.30 ± 1.40 7.45 ± 0.91
 SEMA, cm2 Scanned LM area 44.10 ± 6.60 45.82 ± 6.92
 HH, cm Hip height 127.40 ± 4.90 125.04 ± 6.02
 IGF-I, ng/mL Serum IGF-I concentration 182.60 ± 84.30 225.14 ± 76.00
 SP8, mm Scanned subcutaneous P8 fat 3.70 ± 1.90 3.14 ± 1.77
 SRIB, mm Scanned rib fat 2.00 ± 1.00 2.05 ± 1.15
 BW, kg BW 287.60 ± 43.80 313.65 ± 41.05
CL AGECL, d Age at first CL 750.60 ± 142.10 650.68 ± 119.48
 CLJOIN, 0/1 Presence of CL on joining 0.43 ± 0.50 0.63 ± 0.48
 FATCL, mm Scanned P8 fat at first CL 4.47 ± 2.19 2.99 ± 1.63
 BWCL, kg BW at first CL 334.40 ± 44.80 329.61 ± 45.85
T2 Age, d Mean age at T2 713.40 ± 60.40 748.70 ± 33.60
 ADG, kg/d ADG 0.14 ± 0.23 0.26 ± 0.17
 BCS, score 1 to 10 BCS 7.40 ± 1.40 7.01 ± 1.09
 SEMA, cm2 Scanned LM area 44.10 ± 8.80 48.90 ± 6.60
 HH, cm Hip height 132.40 ± 4.90 130.16 ± 4.79
 IGF-I, ng/mL Serum IGF-I concentration 215.40 ± 92.3 239.60 ± 71.62
 SP8, mm Scanned subcutaneous P8 fat 3.10 ± 1.80 2.93 ± 1.67
 SRIB, mm Scanned rib fat 1.90 ± 1.00 1.98 ± 1.07
 BW, kg BW 320.00 ± 58.70 354.30 ± 38.95
PPAI2 PPAI, d Postpartum anestrus interval 180.53 ± 109.71 142.30 ± 109.40
 PW, 0/1 Presence of CL before or after weaning the first calf 0.89 ± 0.84 0.82 ± 0.39
1CL = corpus luteum; T1 was the observation time when cows average 18 mo of age; T2 was the observation time when cows average 24 mo of 
age; and PPAI = postpartum anestrus interval observed after calving of first calf.
2PPAI was measured after first calving, and cows were mated as 2-yr-olds. For PPAI and PW there were 629 records for BRAH and 863 records 
for TCOMP because not all cows conceived.
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lected. Then we set to µ the average number of traits 
associated to SNP that were significant (P < 0.05) for 
AGECL and added to AWM all SNP that were signifi-
cant for ≥µ traits. This step reflects that AGECL was 
the main trait for this study, while retaining informa-
tion from the other traits as well.
The fourth and last criterion was applied when genes 
were represented by more than 1 SNP. In these cases, 
the SNP with a P < 0.05 in the largest number of 
traits was chosen to represent that gene. If still >1 SNP 
represented the same gene, selection was based on the 
smaller sum of P-values across traits. This fourth crite-
rion has the purpose of establishing the mapping rule: 
1 SNP = 1 gene. This step keeps linkage disequilibrium 
from dominating and potentially distorting the AWM 
results.
The same principles were used when selecting SNP 
for the combined breeds AWM. However, some adap-
tation to the methodology was necessary to deal with 
building an AWM from 2 data sets without prioritiz-
ing one over the other. For the combined AWM, the 
selected top 0.2% SNP included 105 significant SNP for 
≥16 traits (out of 44 possible). Then, we selected all 
SNP with P < 0.05 for AGECL either in Brahman or 
in Tropical Composite. Also, to set µ we consider the 
average number of traits associated to SNP that were 
significant (P < 0.05) for AGECL in Brahman or in 
Tropical Composite.
The AWM contains as many rows as selected SNP 
and as many columns as traits. Therefore, the AWM 
for each breed contained 22 columns, 1 for each trait, 
whereas the AWM for combined breeds contained 44 
columns, the sum of the 2 sets of 22 traits. Cell values 
in the AWM correspond to the z-score normalized ef-
fect of the given SNP in that row on the correspond-
ing trait in that column. The z-score normalization 
operates within trait (in columns) and across SNP (in 
rows). We processed each AWM with the PermutMa-
trix software (Caraux and Pinloche, 2005) to perform 
hierarchical tree cluster analysis, exploring trait cor-
relations column-wise (Figure S2; http://jas.fass.org/
content/vol89/issue6/) and gene correlations row-wise. 
The PermutMatrix software facilitates the visualiza-
tion of the AWM by generating a matrix with values 
mapped onto a color-scale. This software automates 
the search for clusters of correlated genes and traits 
on AWM.
Correlated genes in AWM form the basis for gene 
networks. In these networks genes are nodes connected 
by edges representing significant SNP correlations. The 
statistical test used to identify the significant corre-
lations between genes was the partial correlation and 
information theory (PCIT) algorithm (Reverter and 
Chan, 2008). Using the same approach that tested the 
GWAS overlap between breeds, we used the hypergeo-
metric distribution test (Mood et al., 1974) to verify 
if the number of genes in common between AWM of 
individual breeds could be the result of chance alone.
As per a previous publication (Fortes et al., 2010a), 
there were minimal efforts to control for false positives 
in the GWAS step. The AWM controls for false posi-
tives are based on the low probability of a SNP being 
simultaneously significant for numerous traits, espe-
cially when 2 different breeds are considered. Finally, 
once a SNP has been included in the AWM, its associ-
ated significance from the GWAS has no longer a role 
in it. Instead, network theory takes the commanding 
role. Issues such as individual gene connectivity, gene 
annotation (for the case of TF), and the emergence of 
clusters of highly connected genes are the final metrics 
for decision making.
Network Analysis of the Puberty Network
We built 3 networks: 1 for each individual breed and 
1 for the combined data set. At the intersection of these 
3 lies a network comprising conserved connections and 
we refer to this as the Puberty Network. We subjected 
the Puberty Network to a series of analyses as follows: 
first, we searched for enriched biological pathways and 
enriched gene expression patterns using the DAVID 
(Database for Annotation, Visualization, and Integrat-
ed Discovery) suite of tools (Dennis et al., 2003; Maere 
et al., 2005; Huang et al., 2009). The DAVID suite of 
tools integrates world-class tissue expression data from 
many public databanks (Huang et al., 2007b) to facili-
tate the identification of enriched gene expression cross 
hundreds of tissues for any given gene lists. In our case, 
the query gene list was the list of genes in the Puberty 
Network and the background gene list was the default 
Bos taurus background list provided by DAVID. Next, 
we explored the connectivity between genes to visual-
ize highly dense clusters using the MCODE plug-in of 
Cytoscape (Bader and Hogue, 2003). And finally, we 
used GOrilla (Eden et al., 2009) to identify enriched 
gene ontology terms. When using GOrilla, the list of 
genes in the Puberty Network were contrasted against 
a background list that contained all genes located close 
to an SNP according to the BovineSNP50 chip. Thus, 
the background list considered all genes that could have 
been selected from GWAS.
TF
To identify which genes of the Puberty Network were 
TF, we used the Genomatix database (http://www.ge-
nomatix.de/). Then, to identify key TF, a RIF metric, 
network connectivity, and network centrality were con-
sidered. A RIF metric (Hudson et al., 2009a; Reverter 
et al., 2010) was originally developed to identify causal 
regulators from gene expression data contrasting 2 con-
ditions (e.g., healthy vs. disease). Here, we used the 
breed differences as our 2 conditions, aware of the fact 
that on average Tropical Composite represent the de-
sirable, early maturing phenotype, contrasting the late 
maturing Brahmans. We explored RIF in its 2 alterna-
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where nDSE is the number of genes with differential SNP 
effect on breeds comparison; âj is the estimated average 
SNP effect of the jth gene, averaged across the 2 breeds; 
dˆ e ej j j= −1 2  is the estimated differential SNP effect of 
the jth gene in the 2 conditions (or breeds); and DWij 
is the differential wiring between the ith TF and the jth 
predicted target gene, and computed from the differ-
ence between r1ij and r2ij, the SNP effect derived cor-
relation between the ith TF and the jth gene in condi-
tions 1 and 2, respectively:
 DW r rij ij ij= −1 2 . [4]
In essence, RIF1 captures TF showing differential 
connectivity (i.e., differential wiring) to genes with dif-
ferential SNP effect between breeds, whereas RIF2 fo-
cuses on TF, showing evidence as predictors of change 
in abundance of genes with differential SNP effect be-
tween breeds. The RIF1 and RIF2 identified key TF 
from the 50% most variant genes of the combined 
AWM. Using a nominal P < 0.05, a TF was deemed 
as a key TF if either of the 2 RIF scores was beyond 
1.96 SD.
In addition to RIF analyses, we report here TF that 
were highly connected within the Puberty Network. 
Highly connected nodes on a network are termed hubs 
(Tyler et al., 2009). In the Puberty Network, TF were 
identified as highly connected, or hubs, if they had at 
least 31 predicted targets, placing them in to the top 
10% according to the number of connections (Supple-
mental Figure S1; http://jas.fass.org/content/vol89/
issue6/).
Key TF (according to RIF or to high number of 
connections) were short-listed for regulatory sequence 
analysis. When TF binding site information was avail-
able in the Genomatix database, regulatory sequence 
analysis was conducted using computational resources 
provided by the software suite http://www.genomatix.
de/. The promoter regions corresponding to the pre-
dicted targets of the shortlisted TF were retrieved us-
ing the Gene2Promoter module in Genomatix (http://
www.genomatix.de/). Next, promoter regions were sys-
tematically mined for specific TF binding sites derived 
from the position weight matrix corresponding with the 
TF using the MatInspector module (Cartharius et al., 
2005).
To visualize the interactions between TF we created 
a sub-network of the Puberty Network by selecting only 
TF nodes using Cytoscape. If a key TF was predicted 
to interact with another TF, in addition to regulatory 
sequence analysis, we used the pair-wise atlas of TF 
interactions and FunCoup (http://funcoup.sbc.su.se/
index.html) to assess the agreement of our predictions 
with the current literature (Alexeyenko and Sonnham-
mer, 2009; Ravasi et al., 2010).
Finally, we investigated if key TF were located in 
genomic regions of signature of selection, which have 
been reported previously (Elsik et al., 2009; Chan et 
al., 2010). The genomic regions presenting signature 
of selection described by Chan et al. (2010) were of 
particular interest as they refer to differences between 
indicine and taurine cattle. Chan et al. (2010) used 2 
methods to compare indicine and taurine cattle: the 
fixation indices (FST) method (Weir and Cockerham, 
1984) and the extended haplotype homozygosity meth-
od (Tang et al., 2007). These FST and extended haplo-
type homozygosity results were reported as signatures 
of selection that might underpin phenotypes, such as 
puberty, which are markedly different between indicine 
and taurine cattle.
Gene Expression
To support our network predictions, we investigated 
if connected genes and TF were expressed in hypo-
thalamus, a tissue of primary importance for the onset 
of puberty (Bliss et al., 2010). Hypothalamus expres-
sion data was obtained from a microarray study con-
ducted on postpartum beef cows (Suhaimi, 2009). In 
that study, adult cows were slaughtered after calving, 
their hypothalamic tissue was sampled and RNA was 
extracted. The RNA samples were assayed with the 
Agilent Bovine-Four-Plex G2519f DNA oligonucleotide 
microarray (Agilent Technologies; http://www.chem.
agilent.com/), representing ~19,500 bovine genes. Mi-
croarray probes that yielded a normalized mean signal 
intensity >4.0 (base-2 log-transformed) were consid-
ered to indicate a gene expressed in cow hypothalamus.
RESULTS
Genome-Wide Association Studies
The GWAS for our main pubertal trait, AGECL, re-
sulted in more associated SNP than the number expect-
ed by chance alone (Table 2). Nonetheless, the over-
lap of associated SNP between Brahman and Tropical 
Composite (Table 2, labeled as “In common”) was low 
in the conventional GWAS analysis (7%, or 194 SNP 
at P < 0.05). Also, we observed differences in allele 
frequency between breeds, with the Brahman heifers 
presenting more extreme allele frequencies (Figure 1). 
The SNP selected from GWAS by AWM methods were 
used to overcome 3 limitations of conventional analysis: 
1673A regulatory gene network for puberty in tropical cattle
Table 2. Number of SNP associated with puberty measured as the age of the first 
corpus luteum in either and both breeds1 
Significance BRAH TCOMP In common P-value2 Chance3
P < 0.05 3,334.00 2,888.00 194.00 0.03 2,503.75
P < 0.01 876.00 679.00 9.00 0.08 500.75
P < 0.001 175.00 84.00 1.00 0.23 50.08
P < 0.0001 66.00 7.00 0.00 0.99 5.01
1BRAH = Brahman; TCOMP = Tropical Composite.
2P-value represents the probability of the number of SNP found in common to be found by chance, according 
to hypergeometric distribution.
3Chance refers to the number of SNP that could be associated with puberty by chance alone, considering 
50,075 independent tests.
Figure 1. Distribution of SNP allele frequencies in the Brahman (BRAH) and Tropical Composite (TCOMP) populations for the association 
weight matrices (AWM) for 4,081 selected SNP (top panels) and all 49,399 SNP (bottom panels).
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using SNP in a multi-trait analysis, understanding the 
overlap between breeds and developing gene networks 
for regulatory analysis.
Association Weight Matrix
When comparing Brahman and Tropical Compos-
ite breeds, the overlap of associated genes was greater 
than the overlap of associated SNP. When AWM selec-
tion was applied to each breed separately, it resulted 
in 48% of the Brahman genes (1,286 of the total 2,673 
genes) being also represented in the Tropical Compos-
ite AWM. This overlap of common genes is bigger than 
expected by chance alone (P = 1.059E-07) and bigger 
than the overlap observed in the GWAS analysis. In the 
GWAS analysis, an overlap was identified only if the 
exact same SNP was associated with AGECL in both 
breeds. But, in many cases, different SNP annotated 
to the same gene were associated to AGECL in each 
breed. Therefore, despite SNP association differences 
seen in GWAS, 48% of the genes associated with pu-
berty were found in both breeds.
The AWM formed by the combined data set had 
4,081 genes and 44 columns, 1 for each trait measured 
in each breed. Of the combined AWM, 1,272 genes were 
in common with the genes from AWM of single breeds. 
These 1,272 genes formed the overlap from all 3 AWM 
and formed the basis for the Puberty Network for cat-
tle. To use the overlap of all 3 AWM aimed at avoiding 
Simpson’s paradox (further clarified in the Discussion). 
A Venn diagram for all genes (network nodes), TF (a 
subset of all network nodes), and interactions (network 
edges) is shown in Figure 2. The central intersection 
in the Venn diagram represents the Puberty Network 
proposed in this paper.
Network Analysis of the Puberty Network
The Puberty Network was significantly enriched for 
6 pathways: axon guidance (P = 0.0036), focal adhe-
sion (P = 0.0200), O-Glycan biosynthesis (P = 0.0240), 
ErbB signaling (P = 0.0310), calcium signaling (P = 
0.0310), and endocytosis (P = 0.0300). Moreover, the 
Puberty Network was significantly enriched for genes 
Figure 2. Venn diagram of network overlaps and transcription factors in all 3 networks. The diagram shows the number of nodes (N; genes 
and SNP), transcription factors (TF), and edges (E; gene-gene or gene-SNP interactions) that are either specific or overlapping, considering the 
3 networks: Brahman, Tropical Composite (T. Composite), and combined data set. Color version available in the online PDF.
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expressed in the brain (P = 1.4E-17), according to “up 
tissue” analysis of DAVID. Using this DAVID analysis, 
we discovered that our list of genes from the Puberty 
Network was enriched for genes that were annotated as 
genes expressed in brain tissue (Huang et al., 2007a,b, 
2009; Sherman et al., 2007). Furthermore, the Pu-
berty Network was enriched for 5 gene ontology terms 
(Supplemental Figure S3; http://jas.fass.org/content/
vol89/issue6/): axon guidance (P = 2.89E-7), cell pro-
jection (P = 3.21E-6), synapse part (P = 5.78E-6), glu-
tamate receptor activity (P = 1.02E-5), and ionotropic 
glutamate receptor activity (P = 2.01E-5).
We identified 27 key TF when RIF was applied to 
the combined AWM (Table 3). In addition, we analyzed 
the number of connections per TF across the Puberty 
Network (Supplemental Figure S1; http://jas.fass.org/
content/vol89/issue6/) and all 3 AWM (Supplemental 
Figure S4, http://jas.fass.org/content/vol89/issue6/). 
The TF with the greatest number of connections (the 
top 10%) in the Puberty Network were considered as 
key TF. We identified 5 key TF based on connectivity 
alone. Some TF were regarded as key TF according to 
both RIF and connectivity analysis. Table 3 summa-
rizes relevant data for these key TF: connectivity in the 
Puberty Network, hypothalamic expression, and RIF 
results. Table 4 summarizes relevant data for the SNP 
underpinning the TF in Table 3: genomic position, as-
sociation to AGECL and SNP effect, number of traits 
associated (P < 0.05) to the SNP, and most associated 
trait out of the 22 (least P-value and corresponding 
SNP effect).
Transcription factors HIVEP3 and SALL4 had the 
greatest score in RIF1 (>3 SD). Despite being a key 
TF according to RIF1, SALL4 was in the intersec-
tion of the 3 AWM and so it was not present in the 
Puberty Network. According to RIF2, TOX was also 
found to score beyond the 3 SD threshold. From this 
trio of key TF, HIVEP3 and TOX were identified as 
highly connected (or hubs) in the Puberty Network. 
Hubs in the Puberty Network were highly connected, 
not only exhibiting a large number of predicted targets 
but also interacting among themselves, forming a very 
dense kernel in a relatively sparse network. The greater 
density of the center in comparison with a less dense 
network was observed in MCODE analysis, which as-
sesses network density from the connectivity between 
genes (Figure 3A).
At the center of the Puberty Network we identified 
a sub-network of 19 interacting TF (Figure 3B), from 
here onward called the Puberty Regulatory Network. 
We expanded the list in Tables 3 and 4 to include all 
19 TF in the Puberty Regulatory Network, even if they 
were not relevant on the basis of RIF metrics or con-
nectivity analysis. In the Puberty Regulatory Network, 
6 TF were significant according to RIF analysis (P < 
0.05). Further, 16 TF (or 84%) were expressed in the 
hypothalamus of adult cows, 2 were not tested and only 
1 was not expressed (Figure 3B). This percentage is 
similar to the overall result found in the Puberty Net-
work, where 70% of the genes were expressed in the 
hypothalamus of adult cows.
As supporting evidence for the interaction between 
the 19 TF in the Puberty Regulatory Network we 
used the pair-wise atlas of TF interactions (Ravasi 
et al., 2010). We found that 7 of the 19 TF interact 
and function as coregulators (Figure 3C). Similarly, we 
found evidences from protein-protein interactions that 
HIVEP3, NCOA2, EYA1, ZFHX4, and SNAI2 are like-
ly to interact in the same network and coregulate genes 
of interest (i.e., PPARG and androgen receptor). These 
protein-protein interactions were mined submitting the 
key TF to FunCoup (Alexeyenko and Sonnhammer, 
2009). The resulting network from the FunCoup query 
is presented in Supplemental Figure S5 (http://jas.fass.
org/content/vol89/issue6/).
DISCUSSION
In this study, we applied novel bioinformatics metrics 
to develop a gene network and identify regulators of 
cattle puberty. We supported these findings with the 
known biology behind puberty and with the expres-
sion of those genes in relevant bovine tissue (hypothal-
amus). The metrics, namely AWM, PCIT, and RIF, 
were applied to a GWAS of 22 traits measured in 2 cat-
tle breeds typical of the tropically adapted genetics of 
Northern Australia: Brahman and Tropical Composite.
According to AWM, 48% of the selected genes in 
Brahman were also selected in Tropical Composite. 
This percentage of genes in common is much greater 
than expected by chance alone and represents an im-
provement from the reduced number of SNP in common 
(only 7%), identified by GWAS comparison between 
breeds. From this increased overlap between breeds it 
became apparent that although SNP associations were 
different, the same genes were implicated as genetic 
drivers of puberty.
To study these genetic drivers we applied PCIT to 
AWM and build the Puberty Network from the inter-
section of 3 AWM: a Brahman AWM, a Tropical Com-
posite AWM, and an AWM of the combined data set. 
The use of the intersection of different data sets as 
means to increase gene network reliability has been ex-
plored before (Hudson et al., 2009b). Here, we aimed to 
avoid Simpson’s paradox (Simpson, 1951) by examining 
the intersection of all 3 AWM and not just the AWM of 
the combined breeds. Using the intersection leveled the 
combined data set with data sets of individual breeds, 
giving each equal weight.
The Puberty Network contained a dense center where 
highly connected genes presented a large number of first 
neighbors and interacted among themselves. In the cen-
ter, there were interacting TF forming a sub-network 
(i.e., the Puberty Regulatory Network). Interactions 
between TF are considered to be essential for tissue 
specificity and development (Ravasi et al., 2010), and 
recent studies have proposed the role of TF in control-
ling mammalian puberty (Ojeda et al., 2010a). Adding 
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evidence, we are using our results to propose that a reg-
ulatory network for cattle puberty exists and is formed 
by interacting TF expressed in the hypothalamus. The 
interacting TF, through its numerous connections, are 
likely to influence all pathways enriched in the Puberty 
Network.
The Puberty Network was enriched for pathways and 
gene ontology associated with brain remodeling such 
as axon guidance, cell adhesion, synapse part, gluta-
mate receptor activity, and ionotropic glutamate recep-
tor activity. The Axon guidance pathway is relevant to 
remodeling of glutamate and gamma-aminobutyric acid 
synapses that influence GnRH release from hypotha-
lamic neurons (Terasawa, 2005; Clarkson and Herbison, 
2006). Likewise, cell adhesion in glial cells has been 
shown to influence GnRH release (Ojeda et al., 2008). 
Gonadotropin-releasing hormone is pivotal for puberty 
because it stimulates LH and FSH release, regulating 
Table 3. Key transcription factors (TF) according to regulatory impact factor metric 
(RIF) and connectivity analysis 
TF1
Rank 
(network connections)2 RIF13 RIF23 Hypothalamus4
EYA1 1 (54)* −1.58* −2.21* 6.96
ZFHX4 2 (47)* −0.91* −2.52* 6.75
SCMH15 3 (44)* 0.71 0.28 15.14
NCOA2 4 (43)* −0.35* −2.29* 12.54
LCORL 5 (42)* −0.73 −0.28 Not expressed
HMGA2 6 (41)* −1.25 −1.09 3.31
MLL3 7 (39)* 0.81 0.52 13.02
PBXIP1 7 (39)* 0.37 −0.85 15.6
TOX 8 (33)* −1.76* −3.2* 11.34
HIVEP35 9 (31)* −3.06* −2.36* 4.07
CAMTA15 10 (27) 1.14 0.73 14.28
SNAI2 11 (16) −1.47* −2.13* 4.78
SSBP3 11 (16) −1.06 −1.04 12.56
ELK35 11 (16) −0.05 −0.46 11.19
SNAPC1 14 (13) −2.47* −2.2* 12.86
HMBOX1 14 (13) 1.13 0.92 14.06
STAT6 15 (11) 0.54 0.5 5.01
AFF1 17 (9) −1.29* −2.76* 12.72
CNOT2 17 (9) −2.07* −1.29* 12.81
ZBTB3 18 (8) −1.19 0.06 Not expressed
CDK8 21 (5) −0.16 −0.28 11.83
KLF12 21 (5) 0.29* −2.24* 13.18
CRY2 23 (3) −2.86* −0.23* 14.94
IRX2 24 (2) −2.36* −2.29* 8.08
KCNIP4 24 (2) −0.26 0.75 13.98
ARID3B 0 −0.25* 2.12* 7.75
ARNT 0 −0.2* −2.33* 8.15
ELF5 0 2.2* 1.78* 4.24
ESR1 0 −2.08* 0.28* 9.51
MYBL1 0 −2.12* −2.1* Not tested
NCOA3 0 −2.1* −0.41* 7.54
NFYC5 0 −1.63* −2.14* 12.55
NPAS3 0 −2.62* −0.89* 10.36
PBRM1 0 2.78* 0.89* Not tested
PMS2L3 0 2.05* 0.28* Not tested
REST 0 −2.22* −0.05* Not tested
RREB1 0 −1.05* −2.19* 11.13
SALL4 0 −3.32* −0.6* Not tested
TBX15 0 0.79* 2.33* 8.22
TCF7L1 0 −2.69* −0.79* 8.76
1TF: gene symbol for each transcription factor according to National Center for Biotechnology Information 
annotation (http://www.ncbi.nlm.nih.gov/guide/). 
2Rank (network connections): TF were ranked from 1 to 15 according to the number of connections present 
in the gene network for cattle puberty, where 1 represents the TF with the most connections. Numbers with 
asterisks (*) were within the top 10% TF with the greatest number of connections.
3RIF: RIF1 and RIF2 scores (SD units).
4Hypothalamus: evidence of gene expression found in hypothalamus of adult cows on postpartum period, 
results of microarray studies previously published (Suhaimi, 2009). Results were marked as not tested when 
referring to a gene not represented by any probe in the expression array. 
5TF located on regions with signature of selection regions according to Chan et al. (2010).
















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































1679A regulatory gene network for puberty in tropical cattle
ovarian function (for a review, see Bliss et al., 2010). 
Brain remodeling in cattle has not been thoroughly de-
scribed, but our results show that genes within these 
pathways (e.g., NELL2) and relevant TF were associ-
ated with puberty in both breeds studied.
Tropical Composite cows, less influenced by indicine 
genetics, were on average 3 mo younger than Brahmans 
at AGECL, a tendency previously reported (Johnston 
et al., 2009). These breed difference allowed us to ex-
plore RIF metrics to identify key TF, such as CNOT2, 
Figure 3. Always correlated gene network predicted with association weight matrices (AWM) for cattle puberty. Panel A: The gene network 
for cattle puberty was analyzed using MCODE and node colors represent MCODE score; in red are nodes with a greater score and in green are 
nodes with a lesser score. The MCODE score is a measure of network density, facilitating the visualization of a red center where highly connected 
nodes are the network major hubs. Panel B: Sub-network of interacting transcription factors (TF) extracted from the Puberty Network. In this 
sub-network, node size represents connectivity, with bigger nodes having greater connectivity (in the Puberty Network), and node color represents 
hypothalamus expression; nodes in blue are expressed in cattle hypothalamus, nodes in yellow are not, and nodes in gray were not investigated 
by the expression array. Nodes represented as a triangle were key TF according to regulatory impact factor analysis. Panel C: Network obtained 
from the atlas of pair-wise TF interactions (Ravasi et al., 2010) when the TF within the sub-network were interrogated. Gene symbols for each 
TF are labeled according to National Center for Biotechnology Information annotation (http://www.ncbi.nlm.nih.gov/guide/). Color version 
available in the online PDF.
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HIVEP3, NFYC, NCOA2, and ESR1. Some TF with 
significant RIF results (e.g., HIVEP3 and NFYC) were 
located in regions reported to contain signatures of se-
lection in the comparison between indicine and taurine 
cattle (Chan et al., 2010). Hence, to some extend RIF 
results were supported by published signatures of se-
lection, a sensible result considering that both metrics 
reflect differences between indicine and taurine cattle.
A predicted target of CNOT2 is NELL2, a gene se-
lectively expressed in glutamatergic neurons that con-
tributes to the regulation of GnRH during puberty (Ha 
et al., 2008). Similarly, a predicted target of HIVEP3 is 
NRG1, which participates in the ErbB signaling path-
way shown to delay sexual development (Ojeda et al., 
2010b). These 2 examples are evidence of key TF con-
trolling genes within pathways that are known to be 
relevant for puberty and were enriched in the Puberty 
Network.
We could not confirm the interactions between 
CNOT2 or HIVEP3 and its targets because there was 
no binding site information for these TF in the Ge-
nomatix database. Only 4 key TF had binding site 
information available: STAT6, RREB1, IRX2, and 
ARNT. From these TF, only STAT6 was interacting 
with other key TF in the regulatory network central to 
the Puberty Network. Therefore, to examine the likeli-
hood of our Puberty Regulatory Network, we used a 
recent atlas of TF interactions and FunCoup (Alexey-
enko and Sonnhammer, 2009; Ravasi et al., 2010). We 
found evidence that HIVEP3, NCOA2, EYA1, ZFHX4, 
and SNAI2 could interact and coregulate genes of in-
terest, such as PPARG, a regulator of energy balance. 
Energy balance is specifically relevant for puberty in 
cattle (Gasser et al., 2006).
Previously, we identified PPARG, ESRRG, PROP1, 
and ZNF462 as important TF for cattle puberty 
(Fortes et al., 2010a,b). These results were obtained 
when Brahman and Tropical Composite data were ana-
lyzed separately. In the present study, by comparing 
the 2 breeds and combining the data sets, we were able 
to identify TF not previously associated with puberty. 
In the Puberty Network, NCOA2 was a key TF with 
43 targets, whereas PPARG and ZNF462 had only 2 
(PPARG) or 3 (ZNF462) targets. In reality, NCOA2 
interacts with PPARG as previously reported (Powell 
et al., 2004). Moreover, NCOA2 is an important co-
activator involved in the regulation of both androgen 
and estrogen receptors (Cekanova et al., 2008; Vivar et 
al., 2010), such as ESR1. This influence of NCOA2 on 
reproductive hormones harmonizes with the predictions 
from the Puberty Regulatory Network, indicating that 
NCOA2 interacts with other key TF to play a role in 
cattle puberty.
The key TF indentified in the Puberty Network, its 
interactions and its roles in the pathways related to 
GnRH release should be further explored by studies 
dissecting the genetics of cattle puberty. In conclusion, 
the concept that emerges from our analyses is one of 
many interacting TF forming a regulatory network 
driving puberty in cattle.
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